Abstract. This paper presents a statistical approach to manage wind speed sampled data in order to obtain the forecast of the wind energy potential of a given site. The proposed statistical method is the k-means clustering that allows to extract from a set of experimental measurements the sub-sets of useful data for describing the energy capability of the site. The wind speed distributions in different sites in Sicily, in the south of Italy, have been studied as case study. A suitable wind generator, matching the wind profile of the studied sites, has been selected for the evaluation of the producible energy. It is demonstrated that the use of the proposed method simplifies the problem of the wind plant energy assessment respect to the option of obtaining the desired information by managing a large amount of experimental observations. The proposed method represents a useful tool for an appropriate energy planning in distributed generation systems.
Introduction
The energy planning in a distributed generation system requires the appropriate knowledge of the renewable energy source capability. When a wind plant is involved, in particular, the energy capability is strictly correlated with the characteristic of the wind generator in terms of power curve. The power curve of a wind turbine shows the profile of the instataneous electric power versus the wind speed. In order to obtain the maximum efficiency of the wind generator, the wind speed of the considered site should maintain the value corresponding to the nominal power, as long as possible. Consequently, a study of the spatial and temporal wind distribution is needed for choosing or designing the generator that maximizes the wind energy potential of a given region.
The development of analytical tools for the estimation of the quantity of electrical energy generated by a wind plant on a given scale of time is therefore reputed very useful. In particular the possibility to find out, from the hystorical wind experimental observations, the most significant data to characterise the site of installation from the energy capability point of view is particularly advantageous.
The development of forecasting models for spatial and temporal distributions of climatic variables has been widely treated in technical literature, within the scope of energy assessment. In such a field the synergic use of suitable data processing techniques and estimation methods, either based on statistical or neural approach, represents the more promising way for the set-up of complete and reliable climatic databases and for the modelling and forecasting of the considered phenomena [1] - [3] . In this paper a statistical approach, based on the k-means clustering technique, is proposed in order to obtain an effective estimation of the energy produced by a wind plant in a one year, hourly sampled, scale of time [4] - [7] . The method is applied to the instantaneous power data and different sites in Sicily are explored, as for the wind speed profiles.
The proposed method allows to evaluate the contributions to the total annual energy production given by different ranges of the registered wind speeds. It allows also to eliminate the wind speed data which contribute in a marginal way to the amount of the produced energy. These data correspond to the lowest wind speeds and, even if numerous, they can be neglected and treated as outliers. In this way the energy forecast can be performed in a simpler way, by managing a reduced sub-set of data.
Wind Speed statistical distribution
The analytical representation of the wind speed probability distribution is useful when a problem of spatial projection or energy forecast has to be solved. Fig.1 shows a typical distribution of the wind speed during one year. By observing fig.1 one can assess that the most probable wind speed value is lower than the average one. Therefore a Gaussian model of the probability distribution is not applicable. In general the wind speed is described by a two parameters Weibull distribution, whose probability density function (pdf) is given by:
where k is the shape parameter, C the scale parameter and U the wind speed. Fig. 2 shows the pdf profile superimposed to the observed data [6] - [12] . fig.1 . Distribution of the wind speed during one year.
The cumulative distribution function of the Weibull distribution is given by:
By multipliying this quantity for the cumulative number of hours in a year, the duration curve is obtained. This curve allows to evaluate the number of the hours in a year when a given speed value is exceeded.
The shape parameter is extremely important since it gives a direct information on the site typology; for example it reaches values of about 1.6 in mountain areas, values of about 2 in coastal areas and reaches values up to 3 in regions subjected to stationary or periodic winds.
For a given average speed, a lower value of k implies a greater available energy, as shown in fig. 3 . It occurs because, with a low shape factor, the wind speed range is greater. In particular, since the generated energy depends on the cube of the speed, the contribution of low frequent strong winds to the total energy is significant. It is important to outline that the possibility to span the total wind speed values range depends on the operating range of the chosen wind turbine. fig. 2 . Two parameters Weibull pdf profile. fig. 3 . Influence of the shape factor, k, on the Weibull pdf.
The two parameters of the Weibull distribution can be calculated by a regression from the experimental data.
On the other hand, a simpler method for the identification of the parameters k and C can be used: starting from the wind speed values and their cumulative frequencies, two auxiliary variables (x and y) are defined according to the following relations:
The diagram that shows y versus x is described by the following straight line equation:
The angular coefficient m is equal to k, while the term y o allows to evaluate the scale factor C by the relation: Furthermore, if a maximum likelihood method is used, the two Weibull pdf parameters are obtained by the following equations:
the set of the n experimental data.
Once the parameters of the Weibull pdf are calculated, the mean and the variance are obtained.
The mean is given by: 
is the gamma function. The variance is given by:
In this paper the Weibull distributions describing the wind characteristics of the chosen sites have been identified, using some Matlab® routines. In particular the function WBLFIT returns maximum likelihood estimates of the parameters of the Weibull distribution given the data, the WBLSTAT function returns the mean and variance of the Weibull distribution for given shape and scale parameters and finally the WBLPLOT command displays a Weibull probability plot of the data. It should be noted that the purpose of a Weibull probability plot is to graphically assess whether the observed data could come from a Weibull distribution. If the data are Weibull-distributed, the plot is linear. As an example the Weibull pdf and the Weibull probability plot for the site of Pachino in the south east of Sicily are shown in figs. 4 and 5, respectively. 
Wind Generator Selection
The choice of the wind generator is done on the basis of the wind profile of the desired site. The aim is to obtain the maximum capacity factor for the installed generator, i.e. its maximum actual efficiency. This efficiency is measured in terms of equivalent duration (in hours) of the wind turbine operation at its nominal power. In fig. 6 the 10 m average wind speed distribution in some European countries is shown. It can be observed that the range of speed values in Sicily is between 3.5 and 5 m/s. The records of 10 m wind speed data of several sites in Sicily in one year have been considered, where the data are sampled each hour. On the basis of the observed data distributions, the 20kW wind generator VERGNET GEV 10/20 has been chosen. The generator has the features summarized in Table I [13] . Since the wind speed has to be considered at the generator height, the observed data at 10 m are redefined at the height of 30 m by means of the following relation:
where z rif is the reference height (10 m), z is the new height where the wind speed is evaluated and m is the roughness index calculated by the Counihan equation, and assuming values between 1 and 1.15, in Sicily. [14] - [15] .
Sicily Fig.6 . Wind speed chart for some European countries (average speed at 10 m). Fig. 7 shows the power curve of the chosen generator [13] . It should be noted that the power curve of a wind generator represents a "medium" operating condition. It is obtained from a mathematical representation of the experimental data of power and wind speed, according to the "bin method" (described in the standard IEC 61400-12) [16] . These data are actually distributed in a cloud due to the extreme variability of the wind-related phenomena (turbulence, for example).
The k-means Clustering Method
The k-means clustering is basically a partitioning method. For a given set of observed data, the k-means method performs the partition of them into k mutually exclusive clusters.
Unlike the hierarchical clustering methods, k-means does not create a tree structure to describe the groupings in data, but rather creates a single level of clusters, using the actual observations of objects or individuals in data, and not just their proximities. These features make kmeans more suitable for clustering large amounts of data, as in the case under study.
The k-means treats each observation in data as an object having a location in space.
It finds a partition in which objects within each cluster are as close to each other as possible, and as far from objects in other clusters as possible. Each cluster in the partition is defined by its member objects and by its centroid, or center. The centroid for each cluster is the point to which the sum of distances from all objects in that cluster is minimized according to an assigned algorithm. The method of k-means computes clusters centroids, to minimize the sum with respect to a specified measure [3] - [6] .
The application of k-means method for the partition of data coming from the studied wind plant has been performed within Matlab ® environment. In particular the embedded kmeans function is used to obtain a vector of indices, indicating to which of the k clusters it has assigned each observation in data. Then, an algorithm, set-up on purpose by the authors, is employed to extract the sets of data assigned to each cluster. The kmeans function uses an iterative algorithm that minimizes the sum of distances from each object to its cluster centroid, over all clusters. This algorithm moves objects between clusters until the sum cannot be further decreased. The result is a set of clusters that are as compact and well-separated as possible.
To get an idea of how well-separated the resulting clusters are, it is useful to make a silhouette plot using the cluster indices output from kmeans function. The silhouette plot displays a measure of how close each point in one cluster is to points in the neighbouring clusters. This measure ranges from +1, indicating points that are very distant from neighbouring clusters, through 0, indicating points that are not distinctly in one cluster or another, to -1, indicating points that are probably assigned to the wrong cluster.
In the described data processing the determination of the correct number of clusters is an issue. A possible way to compare the considered solutions is to look at the average silhouette values for different choices of number of clusters. In general it is a good idea to experiment with a range of values for k, selecting the value of k corresponding to a partition containing clusters with points having mostly high silhouette values. In this work the described method is used to select the appropriate number of clusters.
Total Energy calculation
In general the available wind energy, E A in given site and for a given time period, T (one year, for example), is dependent on the cube of the wind speed u, the square of the turbine diameter and on the air density ρ, according to the following equation:
is the kinetic power due to a given air mass flow passing through a section S. In this paper the total electric energy produced by the wind generator in a time period T is calculated starting from the experimental observations by the relation:
( 1 2 ) where P is the instantaneous electric power.
To be more precise, as the data acquisition is discrete (one acquisition each hour), the used energy expression is:
The discrete values of the power P i have been calculated starting from the wind speed data registrations and defining a function, P=f(u), which fits the chosen generator power curve.
The obtained total energy is a cumulative value given by the sum of the energy contributions in defined time intervals. Such time intervals are deduced on the basis of the wind speed frequency distribution diagram. As an example, in figs. 8 and 9 show the 30 m wind speed frequency distribution diagrams, related to the site of Pachino and Trapani, respectively, for observations taken for one year. It can be observed that the total wind speed range, represented on the x-axis, has been divided into intervals having a width of 1 m/s, while the y-axis gives the cumulative duration of the different wind speeds in the considered period of one year. The total electric energy in one year, with a sampling of wind speed data performed every hour, has been calculated for the sites of Pachino (south east of Sicily) and Trapani (north west of Sicily), which have been chosen as case study.
The following results are obtained: 1. Total energy, for Pachino, E (Pachino) = 85529 kWh; 2. Total energy, for Trapani, E (Trapani) = 70345 kWh.
Energy assessment obtained through kmeans clustering
A k-means-based partition of the overall observed wind speed data is performed in order to evaluate the presence of data sub-sets which allow to describe accurately the energy production of the wind plant. If it is the case, other data sub-sets can be neglected in the computation of the energy, since they can be regarded as outliers. For the scope, all the couples of observed wind speed and corresponding power in the chosen sites, in the period of observation of one year, have been taken as starting data set.
No definite knowledge of how many clusters are really in the data, by the energy point of view, is available. On the other hand, considering the shape of the generator power curve, the choice for k has been made on the basis of some experiments, for k ranging from 3 to 4. In particular the average value h of silhouette plots obtained for each value of k has been evaluated. The best clustering of starting data set has been obtained for k=3. In figs. 10 and 11 the silhouette plots corresponding to k=3 for the sites of Pachino and Trapani are reported, respectively. Both plots are obtained minimizing the sum of squared Euclidean distances from centroid for each cluster.
The number n i (i=1 ÷ 3) of couple speed-power contained in each cluster is indicated. Extracting the data from each cluster, by means of an algorithm set-up by the authors, each contribution to the total wind generator energy production is evaluated.
The obtained results can be summarized as follows. For Pachino the cluster 1, formed of 1990 couple of data, corresponding to the higher wind speeds, contributes to the total energy with an amount equal to E (Pachino)_1 = 40760 kWh, i.e. the 48 % of the total energy; the cluster 2 formed of 2587 couple of data, corresponding to the medium wind speeds, contributes to the total energy with an amount equal to E (Pachino)_2 = 35388 kWh, i.e. the 41% of the total energy; finally the cluster 3 formed of 2752 couple of data, corresponding to the lower wind speeds, contributes to the total energy with an amount equal to E (Pachino)_3 = 9381 kWh, i.e. only the 11% of the total energy. For Trapani the cluster 1, formed of 970 couple of data, corresponding to the higher wind speeds, contributes to the total energy with an amount equal to E (Trapani)_1 = 20771 kWh, i.e. the 29 % of the total energy; the cluster 2 formed of 2433 couple of data, corresponding to the medium wind speeds, contributes to the total energy with an amount equal to E (Trapani)_2 = 41392 kWh, i.e. the 59 % of the total energy; finally the cluster 3 formed of 2599 couple of data, corresponding to the lower wind speeds, contributes to the total energy with an amount equal to E (Trapani)_3 = 8182 kWh, i.e. only the 12 % of the total energy. Table II summarizes the results of the energy evaluation obtained by clustering in comparison with the total energy, calculated in section 5. It is possible to observe that in both the considered sites, the main contribution to the total energy producible by the wind generator comes from data corresponding to the higher and medium wind speed independently from their number. This is due to the dependence of the energy on the cube of the wind speed, stated in eq. (11) . Therefore the obtained results show that, with the proposed technique, a data sub-set containing negligible points can be identified. Then the energy capability for a given site can be computed, with a good approximation, considered only the data contained in the remaining clusters. On the basis of the given results it is possible to assess that the proposed method is a valid tool to characterize a site by the point of view of the energy capability coming from wind, managing only a reduced sub-set of data corresponding to the most significant ones.
Conclusions
A statistical approach based on the k-means clustering used to manage the wind speed data for the evaluation of the wind energy potential of a given site is proposed in this paper. The method makes possible the extraction from a set of experimental measurements of the sub-sets of useful data for describing the energy capability of the site. The wind speed distributions in one year in two sites in Sicily have been studied as case study.
A wind generator, matching the wind profile of the studied sites, has been selected for the evaluation of the producible energy. The obtained results show that the use of the proposed method allows the wind plant energy assessment using a reduced sub-set of experimental data, avoiding the management of a large amount of experimental observations. 
